Using open source data, we observe the fascinating dynamics of nighttime light. Following a global economic regime shift, the planetary center of light can be seen moving eastwards at a pace of about 60 km per year. Introducing spatial light Gini coefficients, we find a universal pattern of human settlements across different countries and see a global centralization of light. Observing 160 different countries we document the expansion of developing countries, the growth of new agglomerations, the regression in countries suffering from demographic decline and the success of light pollution abatement programs in western countries.
Introduction
In the mid-s, the U.S. Air Force started a research project called the Defense Meteorological Satellite Program (DMSP a ). The main purpose of this enterprise was to provide the military with daily information on worldwide cloud coverage. After scrutinizing the first results, it was discovered that, besides the initial goal of measuring cloud coverage, nighttime light was also very well captured by the sensors. When the system was declassified in , and the data made publicly available, this unexpected, but very convenient, side-effect, gradually gained more interest from the scientific community. Light emission is a quantity that can be measured instantaneously, objectively and systematically. This is in stark contrast to many widely used economic and demographic indicators, which are often based on estimates and censuses, such as the gross domestic product, energy consumption, population levels, or the degree of poverty. In the standard approaches, biases, time lags and inaccuracies are unavoidable and the comparison between different countries is often problematic. In contrast, nighttime lights are remotely sensed from one single satellite, with the same resolution, at the same time-of-day, in a systematic way, covering the surface of the whole planet.
Since , the images have been systematically digitized and are now freely downloadable from the web [] . This has opened a treasure of data, available at no cost, to the scientific community. As a consequence, in the past decade, a new research field has prospered using these observations of nighttime light and its dynamics in space and in time, aimed at studying economic activity, demographics, energy consumption, poverty and development, conflicts, urbanism and the environment.
We will discuss the data, the different products that are freely available on the web and our additional processing and enhancement tools in Section . In Section , we will review http://www.epjdatascience.com/content/3/1/2 the existing research and academic literature. From our synthesis of the wide range of papers using nighttime images, a best-practice approach will be proposed. This paper will further contribute to the existing research and literature with the following unique results. Firstly, in Section ., we will calculate the dynamics of our planet's mean center of light. It will be shown that, over the past two decades, this center of light has gradually shifted eastwards over a distance of roughly , km. This result will be compared with a recent study of the McKinsey Global Institute [] , which calculated the dynamics of the global economic center of gravity based on GDP figures.
Next, in Section ., a spatial light Gini coefficient will be introduced. This will make a comparison possible of how evenly light is distributed in different countries. We will come to the fascinating conclusion that, if only relatively dense urbanized areas are considered, the Lorenz curves and Gini coefficients of light are almost identical in every country, even though the considered area can differ up to two orders of magnitude. Additionally, it will be shown that the Gini coefficients follow a slightly increasing trend over the past two decades. This is evidence of a continuous centralization of light, or, the gradual increase in the inequality of the spatial distribution of light.
Global light is centralizing. In Section ., we will dig deeper into this observation, analyzing the dynamics of bright versus dimly lit areas. It will be shown that dimly lit areas have increased proportionally more than bright areas, with a % compared to a % growth rate over the past  years. From this, it can be concluded that the area of dimly lit settlements has increased proportionally more than the area of the bright cities. Maybe counter-intuitively, this appears to be the major driver behind the observed increase in spatial light Gini coefficients over that period. Further, in this section, we will compare the nighttime light dynamics of economic tigers like China, India and Brazil, with countries that have seen a sensitive reduction in the urban population like Russia (excluding Moscow), Ukraine and Moldova. Additionally, it will be shown that, in some developed countries like Canada or the U.K., the size of the largest light agglomerations is slightly diminishing. This demonstrates the relative success of light pollution abatement programs launched in different countries around the world. Finally, the notion of a country will be dropped and the concept of light-defined agglomerations will be introduced. Tables and graphs will be given of the  largest light agglomerations worldwide in  compared with . This will demonstrate quantitatively how dramatically fast-growing megalopolis are changing in some developing countries like China and Egypt.
In this paper, we will look at the dynamics of global light growth covering almost two decades of available data. A review of the literature reveals that the majority of existing studies makes use only of single one-year snapshots and does not study time evolutionary processes. One of the reasons for this is the complex data handling and inter-calibration between the different satellite sensors. We therefore explain in details how we have addressed this problem.
Data and methods

The satellites
In the DMSP program, typically two satellites are orbiting simultaneously, in a sunsynchronous low earth orbit, at an  km altitude. The satellites, which have a lifespan of about  to  years, pass over any given point on Earth between . pm and . pm, local time [] . They are equipped with a so-called Operational Line-scan System (OLS).
b http://www.epjdatascience.com/content/3/1/2 Table 1 The available composites   Year Satellites  1992 F10  1993  1994  F12  1995  1996  1997  F14  1998  1999  2000  F15  2001  2002  2003  2004  F16  2005  2006  2007  2008  2009  2010  F18 For most of the time, two satellites were orbiting simultaneously.
This consists of two sensors, one operating in the visible, near-infrared ( to , nm) spectrum and the other operating in the thermal infrared (. to . μm) domain. Each detector has a field of view of , km and captures images at a resolution of approximately . km.
The stable lights product
Creating good-quality scientific products from the raw data of the satellites is an undertaking of monumental difficulty and requires a huge processing effort. The National Geophysical Data Center (NGDC) of the National Oceanic and Atmospheric Administration (NOAA) has a research project dedicated exclusively to this task. Firstly, the usable area of each image must be selected taking into account daylight scattering. Further, the parts with a scan angle greater than a certain threshold have to be excluded because these suffer from background noise and give a poor accuracy on the geolocation [] . Then, the images are re-projected into  arc-second grids; this represents an area of about . square kilometers at the equator. A geo-location is assigned to each pixel of the usable area, based on different variables such as scan angles, satellite altitude and azimuth. In order to obtain a composite that covers the whole globe, all the selected satellite images are entwined. In the end, each composite represents a one-year average nighttime light image of the world, covering an area between  and - degrees longitude and - and  degrees latitude. Some parts of Greenland, Alaska, Canada, Scandinavia and Antarctica are missing. However, it has been estimated that only about , people or a mere .% of the world population lives there [] . Since many observations were disturbed by clouds, moonlight, sun glare and other factors, it is estimated that each pixel is the result of  to  clear observations [] . Table  shows the list of available composites. When two satellites were orbiting at the same time, two different composites were produced. This creates a redundancy that can be used to inter-calibrate the images. We will come back to this in the following section. At the time of writing, there are  composite images available covering a time-span of  years. For each of these composites, a product called Stable Lights is available. In this http://www.epjdatascience.com/content/3/1/2 product, fires and other ephemeral lights are removed, based on their high brightness and short duration. In the final result, each pixel quantizes the one-year average of stable light in a -bit data format. The pixel values, which we will call Digital Number (DN) in the following part of this paper, are integers ranging from  to . A comprehensive description of the methodology is given in [] . It should be mentioned here that there are some artifacts in this final product, which have also been discussed by Henderson et al. [] . As a result of the noise and unstable light removal, the number of dim pixels, with a DN below , is unreasonably low, e.g. in the year  composite of satellite F (see Table  for an overview), there are no pixels with a Digital Number equal to . A second artifact is the occurrence of a saturation, which can be seen in the higher end of the spectrum for pixels with a DN of  and above. We have carefully considered these matters during the measurements and data analyses presented in this paper and will discuss them when relevant in our analyses presented below.
Following an attentive study of the literature and a consultation with the authors of the dataset, we decided that the Stable Lights product is the most suitable for our research. All the described methods and analyses from here onward refer therefore to the Stable Lights dataset, version  [].
Data processing
.. Tools
Dealing with geographical images of up to  Gigabytes in size is not trivial. Therefore, all the preliminary data processing is done using the ArcGIS c software package; this is the Geographic Information System from ESRI. d The country boundaries used in this research were downloaded as a polygonal shapefile from CShapes [] . All countries that ceased to exist (e.g. Yugoslavia, USSR) were removed, such that a total of  non-overlapping countries remained in the dataset. For the geo-location of big cities, the point-based shapefile from [] was used. It features the center of the  cities with a population larger than , in . Additional analysis of the data was done using MATLAB. e .. Gas flares removal Gas flares are combustion devices used mainly in oil wells and big offshore platforms to burn flammable gas (mostly methane) released during the operations of oil extraction. They are a continuous phenomenon. Consequently, they are not filtered from the Stable Lights product. As the goal of this research is to study human settlements, they should be removed in order to avoid their misinterpretation as small cities. Gas flares have a characteristic circular shape of saturated pixels with glowing surroundings. These features make it possible to map their location [] . The shapefiles, containing the gas flares' geo-location, one per country, were downloaded from the NGDC f website and then merged within the ArcGIS system. The obtained mask was then converted into a binary raster so that the gas flares' locations were given value zero, whereas all others pixels had a value of one. Every Stable Light composite was then multiplied with this raster to obtain images free of gas flares. Unfortunately, the polygons that encircle the gas flares are relatively large. Thus, it is unavoidable that certain areas of human-made lighting are improperly canceled out in this procedure. According to Henderson, [] , only .% of the world land area and .% of the world population in , fell into the excluded polygons. Only a fraction of this is improperly excluded from the dataset. It is, however, not possible to quantify this error, but http://www.epjdatascience.com/content/3/1/2 it must be a very small amount, given the meticulous selection procedure [] . The small drawback of excluding this tiny fraction of data, however, does not outweigh keeping the whole set of gas flares in the composites.
.. Inter-calibration
In this paper, we research the dynamics and the evolution in time of global nightlight, covering two decades of available data. The comparison between different image-years must be done with great care. Different satellites have different sensor settings. Also for the same satellite, the captured images are subject to a natural deterioration of the sensor over time and of undocumented gain adjustments.
To correct for these effects, we decided to apply the method of Elvidge [], because it is fully documented, complete and has been used as an academic standard in different previous studies (e.g. [-] and []). Three calibrating parameters, C  , C  and C  , are calculated for each year and satellite. In this way, the new, inter-calibrated, Digital Numbers (DN) can be calculated directly from the old numbers, for each image, using the following equation:
The inter-calibration coefficients that are provided in the referenced publication only cover the years  until . However, additional calibration coefficients were found, for the year , in a not yet published paper by the same authors [] . In the end, only the  image of the satellite F had to be removed from the analysis because no calibration coefficients were obtainable.
An indicator of the goodness of the calibration is that the Sum of Lights (SOL), i.e. the sum of all pixel values for a certain region, matches between two composites of the same year coming from different satellites. Figure  gives the example of China. It can be clearly seen that the overlaps between the different satellites is much smoother after calibration.
.. Re-projection
The  arc-seconds grid, used in the composite, does not correspond to an equal area at the surface of the earth. For example, in Quito (on the Equator), one pixel tallies a . square kilometer surface, whereas in Reykjavik (at °N latitude), it fits a surface less than half this size, or . square kilometer. Since we want to analyze spatial dynamics of nightlight, a re-projection is needed so that each new pixel or cell in the satellite image corresponds to an equal area at the planet's surface. For this purpose, the Mollweide projection was applied. This is a pseudo-cylindrical map projection where the accurate representation of areas takes precedence over the shape.
Literature review
The availability of the digitized and freely downloadable nighttime light images from the NGDC website is a treasure of data that has instigated new research in economics, social sciences and environmental studies. Nighttime lights can be remotely sensed, objectively, at the same time-of-day, in a systematic way, covering the surface of the whole planet. This is in stark contrast to many widely used economic and demographic indicators, which are often based on estimates and censuses, where biases, time lags and inaccuracies are unavoidable and the comparison between different countries is problematic. http://www.epjdatascience.com/content/3/1/2 
Economics
Nighttime lights provide an appealing innovative instrument to measure economic activity. However, the relationship between economics and light is not entirely trivial, which makes it difficult to construct reliable estimators. Nevertheless, especially for countries with poor data quality, the approach can add significant value to existing statistics.
In [] link the time evolution of nighttime light to economic activity. They do not limit their research to one specific year only, but make use of all of the available data. They conclude that light can be used as a proxy for nominal GDP, but that this approach only adds value to the official statistics for countries with poor reporting standards and low data quality. This was further confirmed for GDP growth by Henderson et al. [] , who found that growth estimates, based on nighttime light images, differ substantially from the official statistics for countries with low data quality. A case in point is Myanmar. According to the World De-http://www.epjdatascience.com/content/3/1/2 velopment Indicator of the World Bank (WDI), the average annual growth rate, between  and , was %. This is to be compared with a .% estimate based on the nighttime light images. For Burundi, on the other hand, the WDI predicted a GDP decline of -.%, whereas satellite data implied a growth of .% annually, over that same period.
Demographics and politics
Persistent light is a clear indicator of the presence of human settlements. An early attempt to estimate population densities with nighttime light images was done by Sutton [] . He compared data from the  U.S. census with a binary image containing only the saturated pixels. It was found that these images could only explain % of the variation in the population density of the urban areas in the continental U.S. In a later study, the same author and collaborators estimated the global human population for the year . He came up with a figure of . billion people compared to . billion, which was the generally accepted estimate for that year [] . Similar studies were done at the national levels, e.g. for China [, ] and Brazil [] . Light alone may not be a perfect proxy to measure populations but, combined with other sources, it can substantially add value. It is worth noting that the Gridded Population of the World (GPW), g which is one of the most widespread databases of the global population density, uses nighttime lights as one of its many inputs. Also using nighttime light images, Elvidge et al.
[] constructed a global Poverty Index (PI) by dividing population numbers by the average light. This shows the regions where people are living without satellite detectable stable light, which is, according to the authors, an indicator for poverty. After calibrating the index with official statistics on poverty, it was estimated that . billion people live with an income below $ a day. This is to be compared with the . billion estimated by the World Bank.
Another application of nighttime light images is the mapping and measurement of urban boundaries. This was done by Imhoff et al. [] for urban land areas in the U.S. and later by Henderson et al. [] for three distinct cities: Lhasa, San Francisco and Beijing. In that same field, Small et al. [] came up with the very interesting result that conurbations, with a diameter larger than  km, account for less than % of all settlements but for about half the total lighted area worldwide. Other detailed studies on the level of urbanization in China can be found in [-].
Some authors suggested that conflict related events also could have an impact on the light emission of a region and may, as such, be studied by means of nighttime images. One such study evaluates the U.S. military surge in Iraq in  [] , which was aimed to stabilize and rebuild the cities after the war. The authors expected an increase in luminosity over time, because of the restoration of the electrical infrastructure. However, no observable effect could be found. Another study looked for effects of the wars in the Caucasus regions of Russia and Georgia [] . The authors claim to be able to detect oil fires and large refugee outflows, as well as settlement (re)construction. In summary, the one-year time resolution of the images may be too coarse to detect the actual impact of wars, but for large conflicts with a longer duration, light can be used to study the impact of damages and the dynamics of reconstruction.
The politics of electricity distribution in certain regions of India was studied by Min [] . Although there is a relatively reliable network infrastructure, the actual power supply is by far not sufficient to meet the demand. The decisional power of giving energy to a certain municipality, district or county is quite centralized and involves political control. http://www.epjdatascience.com/content/3/1/2 However, only a weak correlation could be found between the availability of energy in the municipalities and the political party that won the elections.
Environmental studies
One obvious application of the night light data is to measure and estimate energy consumption. In an early study, Elvidge et As mentioned earlier in Section ., other, probably less known, features recorded in the light maps are the so-called gas flares. These are combustion devices to burn flammable gas released during the operations of oil extraction. The gas is burned only for convenience, or for lack of infrastructure, so that the energy is wasted and huge amounts of CO  are released in the atmosphere. The monitoring of this harmful and quite uncontrolled activity is motivated by environmental and health concerns, besides energy efficiency reasons. Most gas flares burn uninterruptedly. Consequently, this phenomenon is still observable in the Stable Lights products. Using night light images, Elvidge et al.
[] estimated that, in , approximately  billion cubic meters gas were wasted on a global scale. This is equivalent to % of the total natural gas consumption of the U.S. and has a retail market value of $ billion and an impact on the atmosphere of  million metric tons of CO  equivalent.
Large forest fires (natural and human made) can also be visible from space. Studies were done to monitor the surface of forests affected by fires in India [], Indonesia [] and Brazil [] .
Even some fishing activities can be seen from outer space. This is the case for a specific technique where bright lights are mounted on the boats to attract squid. The illumination can be so intense and persistent that it remains visible after the filtering procedure in the Stable Lights images. Particular studies on this subject were made for Japan [] , where the spatial and temporal variability of night fishing were analyzed to better understand the migration of squid. The impact on ecological systems around coral reefs, where the illumination is seen as a stressor and a threat, was studied by Aubrecht et al. [] .
There are many reasons why light pollution can have negative consequences: firstly, astronomical light pollution reduces the number of visible stars and disturbs the scientific observation of the sky. Secondly, the ecological light pollution represents a threat to entire ecosystems, substantially altering the behavioral patterns of the animal population (orientation, foraging, reproduction, migration, communication and so on). And finally, wasted light means also wasted energy. Some human health disorders were also found to be correlated with prolonged exposure to light during night. Studies on light pollution, using the nighttime light images, have been done for Europe [, ] and Iran [].
Discussion
Making the nighttime light images available for the scientific community has instigated a lot of research covering a broad range of disciplines. Table  in Appendix A. summarizes all the publications that were cited in the preceding literature review. This table makes it possible to do a comparative and a qualitative analysis between the different studies and may be helpful in setting up a best-practice in using the night images for different research purposes. http://www.epjdatascience.com/content/3/1/2
It can be seen that most of the studies used a single one-year snapshot only, although the images are available for  satellite-years. More surprisingly, however, is the fact that quite a few of the analyses that cover multiple years of data did not perform an intercalibration of the images. It is known and documented [], however, that the sensors have different sensitivities (for example, F produced substantially dimmer images []), and even for the same satellite, in addition to the natural deterioration of the sensor over time, undocumented gain adjustments were made during its lifetime, so that the comparison between different image-years is really delicate.
For most of the studies that were subject to this review, the gas flares are not relevant; they should be removed before performing any analysis. However, this operation was hardly ever done, or else, it was not mentioned explicitly in the publication. This phenomenon is present in at least  countries, notably Russia, Nigeria, Iran, Iraq and Algeria, and, especially for small countries (such as Qatar, Kuwait) it could lead to a misinterpretation of the results, since gas flares can be easily confused with small cities. It was calculated for the year , that gas flares represented . percent of the worldwide light emanation, and in some regions, such as sub-Saharan Africa (e.g. Nigeria) they accounted for even % of the total illumination [] .
Another very important preprocessing operation is the re-projection of the images with an equal-area method. This is always needed when analyzing spatial extent, because, as we explained in Section .., the pixels in the  arc-seconds grid represent different land areas depending on the latitude. Nevertheless, as can be seen in Table  in the Appendix, this process seems to be often neglected, or, not specifically mentioned in the publication.
Finally, the different products are also available in different versions, depending on the algorithm that was used for creating the Stable Lights image. It can be seen in Table  that most publications fail to mention explicitly the specific version. This may complicate the reproduction and comparison of different studies.
In this research, we tried to follow a best-practice by inter-calibrating and re-projecting the different images and removing the gas flares. The Stable Lights dataset version  [] was used.
Results
The planet's mean center of light
In a recent study by the McKinsey Global Institute [], called 'Urban World: Cities and the rise of the consuming class' , a method is presented to calculate the economic center of gravity of the world. The research uses data and approximations from the year  CE until . Additionally, projections are given until . The result shows that, propelled by the industrialization and urbanization of Europe and the U.S., the economic center of gravity (located near Kabul at year ) has been gradually shifting towards the northwest (up to the vicinity of Reykjavik) until around . After that, driven by the rise of Japan, the regime shifted and the dynamic reversed. Since then, in the last  years, the economic center of gravity has been moving back eastwards rapidly. The most recent decade, between  and , has seen the fastest rate of change, in global economic balance, in history. During this period, the world's economic center of gravity has shifted by about  kilometers per annum. Figure  graphically demonstrates the result of this study.
The inter-calibrated nighttime light images that are at our disposal cover the period between  and . This includes exactly the period of the dramatic regime shift that http://www.epjdatascience.com/content/3/1/2 can be seen in the MGI study. Therefore, we decided to challenge this fascinating study and compare the dynamics of the economic center of gravity with the center of gravity of nighttime light emissions. This was calculated as follows: First, the Digital Numbers of all pixels for one specific satellite and one specific year were added up for each country individually. This resulted in one DN-sum positioned at the centroid of each country. The position of the mean center is the average x and y co-ordinate of these centroids using the DN-sums as weights. Because we have different yearly observations for each satellite image, we can observe the dynamics of this light mean center. Figure  gives the results per satellite and year; Figure  shows the result per satellite over the years of its operation. The first fact is that the location of the light center deviates substantially from the economic center. Although the distinction could be partly explained by the use of different projection methods, h this demonstrates that the com-http://www.epjdatascience.com/content/3/1/2 Figure 4 The dynamic of the light mean center for the different satellites. Here, the centroids are calculated on the average sum of lights per satellite (labeled), in order to emphasize the direction of the shift. Each satellite covers the year span indicated in the legend.
parison of light and economic indicators is non-trivial. The direction of the movement, however, appears to be consistent: there is a clear and strong southeastern shift, though the speed of this move is much smaller for the light center than for the economic center. The amplitude of the light movement is about , km between  and ; this corresponds to about  km per year, which is less than half of the  km from the McKinsey study. Even though there are some quantitative differences with the economic approach that was followed by the McKinsey Global Institute [], which comes from the non-trivial relationship between economics and light, as we discussed in the review Section ., this result strongly demonstrates that nighttime light satellite images provide a powerful tool to monitor the global rebalancing of economic power.
The spatial light Gini coefficient
In this section, we analyze the distribution of nighttime light for different countries. More specifically, we want to understand the level of 'centralization' of light. For this purpose, we will calculate spatial light Gini coefficients. These measure, in one single number, how the light is distributed over the area of a country. The lowest value of  corresponds to a complete equality, whereas the highest value of  is indicative for a total inequality; the higher the value, the more centralized the spatial distribution of light is. In our understanding, there are three distinct reasons why a country A would have a higher spatial light Gini coefficient than a country B, or, why the spatial light distribution in country A is more centralized:
• In country A, the small settlements occupy a larger fraction of the surface than the bright cities; the country area with low pixel values is relatively higher than the area with high pixel values; • In country A, the light emission of the cities is brighter; this is difficult to measure, however, because of the saturation effect of the satellite sensors; http://www.epjdatascience.com/content/3/1/2
Figure 5
The Lorenz curves and Gini coefficients for selected countries in 1992. The variable 'area' indicates the amount of square kilometers (in thousands) in the country corresponding with pixels that have a DN higher than the lower cutoff value (in this case DN ≥ 0).
• In country A, there is a lower light emission in the small settlements.
Often, in reality, the reason may as well be a combination of these three. Figure  gives the Lorenz curves and the Gini coefficients for a selected group of countries. It can be seen that the coefficients cover a wide range from a value of . for the Netherlands to . for Brazil. In these calculations, the full range of pixel values in the images was used, including the ones with a Digital Number (DN) equal to zero, which correspond to areas where there is no light emission. However, in most cases, this means that these calculations also take into account the portion of land that is inhabitable. Consequently, the huge difference between the Netherlands and Brazil has mainly a geographical explanation: a large portion of Brazil is covered by the Amazonian rainforest whereas most of the Netherlands is habitable.
In Figure  , we corrected for this by excluding the zero-pixels from the calculations. Thus, the Gini coefficients are calculated for land area that has a DN greater than, or equal to, . As such, we have removed all the unlit land from the analysis. The results are much different now, and the gap between the countries has, to a large extent, disappeared with coefficients ranging from . to .. This is quite astonishing, especially if we compare the areas: the U.S. has a lit area more than  times that of the Netherlands, yet, their Lorenz curves and the Gini coefficients are very similar. We take this approach a step further and gradually increase the lower cutoff of the Digital Numbers. The result is presented in Figures  and  . It can be seen that the Lorenz curves and the Gini coefficients quickly converge for every country. This result suggests that the spatial configuration of the settlements follows a universal pattern across these different countries, even though the considered area can differ up to two orders of magnitude.
This part of the analysis has mainly focused on a one-year snapshot. Let us now take a look at the historical evolution of the spatial light Gini coefficients for the selected countries. The left graph in Figure  gives the result without using any pixel value threshold. The graphs are basically flat, suggesting that no dynamical change in the distribution of nighttime light occurred. This is not a surprise because the result is dominated by the http://www.epjdatascience.com/content/3/1/2
Figure 6
The Lorenz curves and Gini coefficients for selected countries in 1992, with a threshold pixel value greater than or equal to 1. The variable 'area' indicates the amount of square kilometers (in thousands) in the country corresponding with pixels that have a DN higher than the lower cutoff value. non-habitable land in the analysis. When we filter the images, however, and only take those pixels into account which have a DN higher than , the result is quite different. Now, a clear rise can be seen for all countries. This is presented in the right graph of Figure  .
This suggests that spatial light has gradually centralized over the past  years. This can be explained as follows:
• The dimly lit area increased proportionally more than the brighter area. This suggests that villages and small settlements have been built (respectively electrified) over a surface greater than the one occupied by the city growth; • The brightness of the cities increased proportionally more than the brightness of the small settlements. Assuming, for example, that the illuminated area did not change, in order for the Gini coefficient to rise, the brighter pixels have to increase their DN proportionally more than the dimmer ones; • The overall brightness of the small settlements decreased, so that the relative share of luminosity taken by the bright lit agglomerations increased, driving the Gini coefficient up.
Bright versus dimly lit areas
We have come to the conclusion that spatial light Gini coefficients have gradually increased over the timeline of our observations, which is the past  years. Now, we will further analyze the process behind this observation. It is important to mention that, be-http://www.epjdatascience.com/content/3/1/2
Figure 9
The historical evolution of the Gini coefficients for selected countries without any filtering (up) and using a threshold of DN > 4 (down).
cause of the pixel saturation in bright areas, it is not possible to use the nighttime light images to study changes in brightness. Thus, given the limitation of the tools at our disposal, we will have to focus on the change and evolution in the surface size of bright versus dimly lit areas. In order to separate bright from dimly lit areas, binary images were produced using a threshold technique. Any pixel with a Digital Number higher than  and less than or equal to  was classified as dim; any pixel with a DN higher than  was classified as bright. This was done for the global image of the two individual years  and . The result of this exercise, for a total of  countries, i is given in an extensive Table  in the   Appendix. A small extract from this table, showing the results for the BRIC countries, the U.S. and the World is summarized in Table  . It can be seen that between  and , the worldwide dimly lit surface grew %, whereas the bright area expanded %. From the table, it becomes clear that the area of dimly lit settlements has, both in relative as in absolute terms, increased more than the area of the bright cities. It may be counterintuitive, but this is the major driver behind the observed increase in spatial light Gini coefficients over that period. http://www.epjdatascience.com/content/3/1/2 To give a more dynamical view of the process observed in the table, Figure  shows the evolution of the total bright area, in square kilometers, for the four countries with the largest increase between  and . Three of the four BRIC countries are dominating the ranking, China outclassing the other two with an impressive absolute (, km  ) and relative (%) growth. A clear concentration in the area around Shanghai and ShenzhenGuangzhou could be seen. To show this, we generated images, which can be found in the Appendix A.. The high ranking of Egypt may come as a surprise. This is, however, the result of the remarkable development of the delta and the coast along the Nile. For the images, demonstrating these assertions, we refer to the Figures - in the Appendix. It is also worthwhile mentioning that the evolutions of India and Brazil have been more diffuse. No clearly defined hot spots could be observed during the analysis, as was the case for China and Egypt. Not all countries have seen an increase in bright area. A different dynamic is demonstrated in Figure  . The graph shows the four countries with the largest absolute decrease. We can see two different processes at work here. For Russia and the Ukraine, the absolute decrease in the bright area goes hand in hand with a decrease in the urban population. This is further demonstrated in the table in Table  , which gives an overview of the countries where the decrease of bright areas coincided with a considerable reduction of the http://www.epjdatascience.com/content/3/1/2 
Dynamics of agglomerations
In this final section presenting our results, we will analyze agglomerations instead of countries. The goal is to identify the largest and respectively the most rapidly growing conurbations. We decided, however, not to use the administrative boundaries but to define agglomerations using a threshold method combined with a segmentation function to identify the size of each contiguous cluster. Like in the previous analysis of countries, a binary version of each image is made. All pixels with a digital number above the threshold are given a value of , the others, a value of . Next, using the -pixel Von Neumann neighborhood connectivity, the clusters' sizes are calculated and the name of the biggest and closest city is assigned by visual inspection. The results for different threshold are presented in Figure  and Tables  and . The regions were named after the included city http://www.epjdatascience.com/content/3/1/2 
Conclusions
In this research paper, we have analyzed the dynamics, and the spatial distribution of nightlight. We started with an extensive literature review, which made it possible to do a comparative and a qualitative analysis of the broad range of preceding studies. This allowed us to set up a best-practice for the use of nighttime light images in different research projects. Firstly, when covering multiple years of data, we recommend that an inter-calibration of the images should be performed. Then, if not relevant for the study, the gas flares should be removed. Next, a re-projection of the images with an equal-area method should be carried out. And finally, to make reproduction and comparison of different studies possible, each analysis should explicitly mention the version of the Stable Lights product being used.
Using an ArcGIS software package, we first calculated the dynamics of our planet's mean center of light. It was found that, over the past  years, this has been gradually shifting eastwards over a distance of roughly , km, at a pace of about  km per year. This is less than half of the  km per year based on GDP as has been calculated by the McKinsey Global Institute [] .
Then, we introduced the new concept of spatial light Gini coefficients. When removing non-habitable land from the calculations, we came up with the astonishing result that the Lorenz curves and the Gini coefficients converge for all the countries in our analysis. This result suggests that the spatial configuration of settlements follows a universal pattern across different countries, even though the considered areas can differ by up to two orders of magnitude.
When looking at the historical evolution of the spatial light Gini coefficients, we saw a gradual increase over the time span of our observations, which is the past  years. This is indicative of a centralization of light. A detailed analysis revealed that, between  and , the worldwide dimly lit surface grew %, whereas the bright area expanded %. The total area of dimly lit settlements has, both in relative as in absolute terms, increased more than the area of the bright cities. It may be counter-intuitive, but this is the major driver behind the observed increase in spatial light Gini coefficients over that period.
This research was further completed with a detailed analysis of bright light (city) growth covering  different countries. The results showed that nighttime light images provide the perfect tool to monitor the expansion of developing countries (like India and Brazil), the growth of new agglomeration sizes (like Shanghai in China or the Nile delta in Egypt), the regression in countries suffering from demographic decline and a reduction in urban population (like Russia and the Ukraine) and the success of light pollution abatement programs in western countries like Canada and the United Kingdom. http://www.epjdatascience.com/content/3/1/2 
A.2 Change in bright areas
